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Study  region:  This  study  investigated  impacts  of  current  landscape  conﬁguration  on  stream-
ﬂow within  selected  small  watersheds  of  the  Atlanta,  Georgia  metropolitan  region  (AMR).
Study  focus:  To  determine  effects  of  current  landscape  arrangement  on  watershed-wide
Hydrologic  Unit  Code  (HUC)-12  land  cover/land  use (LC/LU),  the  conﬁgurational  metric  of
contagion  was  chosen.  Contagion-adjusted  curve  numbers  (CNs)  were  calculated  for  all
405  HUC-12  watersheds  in  the  AMR.  6  watersheds  were  chosen  for Thornthwaite  Water
Balance  (TWB)  model  evaluation  based  upon  having  a stream  gage  record  of the  5  year
(60  month)  period  most  closely  associated  with  contagion  and CN  values  derived  from
the 2011  National  Land  Cover  Dataset  (NLCD).  4  watersheds  out-performed  their  original
CN  watershed  simulations  based  upon:  Nash–Sutcliffe  efﬁciency  (NSE);  room  mean  square
error (RMSE)-standard  deviation  ratio  (RSR);  and  Akaike  Information  Criteria  (AIC)  analysis.
New hydrological  insights:  Conﬁgurational  metrics  related  to contagion  of the  aggregation
index  (AI) and clumpiness  index  (CI) indicated  possible  reasoning  to  explain  differences
found  between  the 4-watershed  and  2-watershed  categories.  The  AI  of  agricultural  LC/LU
within  the  2-watershed  category  suggested  greater  landscape  heterogeneity  due to  agri-
cultural patch  disaggregation,  whereas  the  CI  suggested  greater  overall  disaggregation  and
landscape  dispersion  for all non-water  LC/LU  patches  within  the  2-watershed  category  and
pointed towards  greater  landscape  heterogeneity  driven  by higher  dispersal  of  non-water
patches.  Both  may  lead  to complex  ﬂow  patterns  not  easily  estimated  within  streamﬂow
simulations.
©  2015  The  Author.  Published  by  Elsevier  B.V.  This is  an open  access  article  under  the CC
BY-NC-ND  license  (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction
Land cover/land use (LC/LU) is of signiﬁcant importance to determining the runoff (streamﬂow) characteristics of all
watershed-based stream networks (Wu  and Haith, 1993). This is due to precipitation (P) conversion to streamﬂow being
controlled by watershed characteristics, such as LC/LU and soil properties, and these controls imposing further structure on
streamﬂow time series, as compared with just P (Pan et al., 2012). The type of LC/LU contained within a particular watershed
not only modiﬁes streamﬂow time series via evapotranspiration (ET) and inﬁltration processes, but through altering excess
water quantities available for streamﬂow distribution via overland and groundwater ﬂow processes (Wu and Haith, 1993).
E-mail address: arobe139@kennesaw.edu
http://dx.doi.org/10.1016/j.ejrh.2015.11.002
2214-5818/© 2015 The Author. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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nfortunately, the magnitude and distribution of the effects of LC/LU on runoff processes still remain somewhat unclear, even
s water resource quantity issues are a growing concern throughout the United States (US) due to increases in population
nd as demand for land development continues (Feyereisen et al., 2008).
This is especially true of the Southeastern (SE) US, where rapid population growth and conversion of LC/LUs have impacted
tream hydrology (Schoonover et al., 2006). Although numerous studies have correlated landscape (LC/LU) composition (the
ariety and abundance of LC/LU types without regard to their spatial character or arrangement) to streamﬂow processes
n the region (Bosch et al., 2006; Cruise et al., 2010; Feyereisen et al., 2008, 2007; Grifﬁn et al., 2013; Isik et al., 2013;
agilligan and Stamp, 1997; McMahon et al., 2003; Olivera and DeFee, 2007; Pan et al., 2012; Schoonover et al., 2006; Van
iew et al., 2007; Viger et al., 2011; Wu  and Haith, 1993), only two studies since the beginning of 2000 from McMahon et al.
2003) and Olivera and DeFee (2007) have attempted to quantify the relationship between landscape conﬁguration (the
patial character and arrangement, position, and orientation of LC/LU types) and streamﬂow within the region. Within the
cMahon et al. (2003) study, the authors determined that strong correlations existed between streamﬂow ﬂashiness and
he spatial arrangement of developed LC/LU within the Birmingham, Alabama area. In the Olivera and DeFee (2007) study,
t was concluded that landscape conﬁguration was  correlated with annual runoff over a 52 year period within a smaller
atershed located just northwest of Houston, Texas. These ﬁndings are important based upon other studies also indicating
hat landscape conﬁguration has been correlated to not only streamﬂow processes (Feikema et al., 2011), but water quality
henomena including overland runoff-induced erosion and non-point source nitrogen (N) and phosphorus (P) enrichment
Roberts, 2009; Roberts et al., 2009; Roberts and Prince, 2010; Shi et al., 2013)
From a landscape conﬁgurational perspective, LC/LU patterns within watersheds may  play a critical function in deter-
ining connectivity of hydrologic cycle processes, such as evapotranspiration, inﬁltration, soil moisture, and runoff over
ime (Shi et al., 2013). The majority of studies estimating effects of LC/LU on streamﬂow within catchments have not consid-
red the function of LC/LU, as inﬂuenced by spatial arrangement (Feikema et al., 2011). Even though previous research has
ndicated that landscape conﬁguration inﬂuences hydrologic cycle connectivity and controls watershed response, it is still
ypically disregarded during management strategies (Zhang et al., 2013). Additionally, streamﬂow response of a watershed
s complicated based upon various hydrologic-inﬂuencing components, such as LC/LU and soil properties, being distributed
eterogeneously throughout the drainage area (Isik et al., 2013). Therefore, comprehension of the correlations between
andscape conﬁguration and hydrologic processes, such as streamﬂow, is of practical concern to watershed planning and
anagement entities and additional investigations of this particular inﬂuence on streamﬂow is warranted (McMahon et al.,
003; Olivera and DeFee, 2007; Shi et al., 2013). Thus, in this paper, the effects of current landscape conﬁguration on
treamﬂow within selected, small watersheds of the Atlanta, Georgia metropolitan region (AMR) will be addressed.
The AMR  was chosen as the study area for this paper due to its long held status of being the “economic engine” of the
E US (Clark, 2014; Hu and Lo, 2007; Lo and Quattrochi, 2003; Lo and Yang, 2002; Wright et al., 2012). The region consists
f 29 counties within northern GA and has undergone tremendous population growth and LC/LU change over the past 100
ears (Liu and Yang, 2015). Between 1910 and 1950, population within the city of Atlanta alone rose by 114 percent (%)
o approximately 330,000 and since 1950, the city’s population has gained another 27% to a level of 420,000 (Merry et al.,
014). According to Lo and Quattrochi (2003), Atlanta’s population increased 27% between 1970 and 1980 and 33% between
980 and 1990. Additionally, Atlanta’s population has increased 40% between 1990 and 2000 (Lo and Yang, 2002). For the
ast several decades, the region has been recognized as one of the nation’s fastest growing metropolises and has expanded
igniﬁcantly, as suburbanization in counties adjacent to the city have transformed agricultural and forest LC/LUs to urban
C/LUs (Lo and Yang, 2002). This suburbanization has also reached the outer counties regionally. Thus, while population
stimates within the ofﬁcial city limits of Atlanta are quite small, the larger metropolitan region has a population of over
 million and has been found to have recent (2005–2009) losses in forest LC/LU of about 0.46% per year (Merry et al., 2014)
The large and abrupt changes in LC/LU composition over the past 100 years within the AMR  should have signiﬁcant
mplication on current landscape conﬁguration. In smaller watersheds, control factors, such as LC/LU and soil properties,
ield greater inﬂuences and any changes to their complexity, such as conﬁguration, will be imposed on streamﬂow time series
Pan et al., 2012). However, quantiﬁcation of streamﬂow patterns based upon time series is of signiﬁcant importance for
ttenuating extreme hydrologic events, such as ﬂooding and droughts (Pan et al., 2012). According to Shepherd et al. (2011),
egions of the SE US face increasing vulnerability to extreme hydrologic events due to population growth and increasing
opulation density. Such events in the form of ﬂooding in late 2009 and drought in the mid-2000s have occurred recently in
he region (Jeffcoat et al., 2009; Shepherd et al., 2011; Wright et al., 2012). Thus, improved comprehension of these extreme
ydrologic events should assist in future development of best management practices (BMPs) for not only ﬂood and drought
orecasting methods, but LC/LU policies implemented at the watershed-wide scale.
. Data and methods
.1. AMR  watersheds and 2011 National Land Cover Dataset (NLCD)Environmental Systems Research Institute (ESRI) shapeﬁles of the urbanized core (Fig. 1a) and 29 counties (Barrow;
artow; Butts; Carroll; Cherokee; Clayton; Cobb; Coweta; Dawson; DeKalb; Douglas; Fayette; Forsyth; Fulton; Gwinnett;
aralson; Heard; Henry; Jasper; Lamar; Meriwether; Morgan; Newton; Paulding; Pickens; Pike; Rockdale; Spalding; and
alton) (Fig. 1b) comprising the AMR  were initially added within ArcGIS 10.2 and overlain by Hydrologic Unit Code
278 A.D. Roberts / Journal of Hydrology: Regional Studies 5 (2016) 276–292Fig. 1. Images showing the locations of the: (a) urbanized core; (b) 29 counties; (c) 405 Hydrologic Unit Code (HUC)-12 watersheds; and (d) combined 2011
NLCD  classes that comprises the Atlanta, Georgia metropolitan region (AMR). Several HUC-12 watersheds shown in Fig. 1c were then chosen for further
watershed analysis (please see Fig. 3a–d).
(HUC)-12 watersheds provided by the Atlanta Regional Commission (ARC) (2014). It was determined that 405 HUC-12
watersheds (Fig. 1c) were either fully contained within or intersected boundaries of these counties. HUC-12 watersheds
are sub-watersheds of larger, nested watersheds and basins and are recognized as standardized representation of small
watersheds nationally. Total area covered by these watersheds was  10,837 square miles (mi2) or 28,068 square kilometers
(km2). Average area for each watershed was approximately 26.8 mi2 or 69.3 km2.To decipher the effects of current landscape conﬁguration present within the AMR, the most recently available LC/LU
data for the area was used. The 2011 National Land Cover Dataset (NLCD) (Multi-Resolution Land Characteristics Consortium
(MRLC), 2014) at 30 meter (m)  resolution was chosen and comprised of 15 distinct LC/LU types (barren land; cultivated crops;
deciduous forest; developed, open space; developed, low intensity; developed, medium intensity; developed, high intensity;
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Table  1
The original 15 2011 NLCD classes that were utilized in the AMR  for watershed analysis by being reclassiﬁed into 4 combined classes.
Number Original 2011 NLCD classiﬁcation Revised classiﬁcation into four classes
Land cover class Number Land cover class
11 Open water 1 Water
90 Woody wetlands
95 Emergent herbaceous wetlands
21  Developed, open space 2 Urban
22  Developed, low intensity
23 Developed, medium intensity
24 Developed, high intensity
41 Deciduous forest 3 Forest
42  Evergreen forest
43  Mixed forest
31  Barren land 4 Agricultural
52  Shrub/scrub
71 Herbaceous
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mergent herbaceous wetlands; evergreen forest; hay/pasture; herbaceous; mixed forest; open water; shrub/scrub; and
oody wetlands) reclassiﬁed into 4 distinct LC/LU classes of: water; urban; forest, and agricultural (Table 1). Reclassiﬁcation
f the 15 LC/LU classes into 4 classes was based upon methodologies utilized by Merwade (2012). After reclassiﬁcation, the
 LC/LU classes were overlain by the 405 HUC-12 watersheds and extracted to encompass the LC/LU area occupied only by
hese watersheds (Fig. 1d).
.2. Current landscape conﬁguration and contagion
To determine the effects of current landscape arrangement on watershed-wide (HUC-12) LC/LU, the landscape conﬁgura-
ional metric of contagion was chosen. Landscape metrics describe the spatial structure of patches, cover classes of patches,
nd patch mosaics, and provide other measures of composition and conﬁguration (Leitao et al., 2006; Song et al., 2012). Con-
agion has been recently correlated to overland runoff-induced erosional processes at the watershed-wide scale in China
Shi et al., 2013). Additionally, contagion has previously been shown to be a signiﬁcant indicator of downstream runoff at
he watershed-wide scale in the northeastern (NE) US (Leitao et al., 2006). Thus, it was utilized to quantify the effects of
urrent landscape conﬁguration on streamﬂow within this study.
Contagion quantiﬁed the degree to which LC/LU types were aggregated (clumped), as opposed to being dispersed into
any smaller fragments (patches) at the landscape (HUC-12) level. For a complete deﬁnition of contagion, it is suggested
hat the reader consult McGarigal (2014). Contagion was  measured in % and ranges from 0 to 100. Thus, at the landscape
evel, conﬁguration trends in LC/LU arrangement were identiﬁed. Using ArcGIS 9.2 and the FragStatsBatch ArcScript (ESRI,
014), contagion values were calculated for each of the 405 HUC-12 watersheds utilizing the reclassiﬁed LC/LU from the
011 NLCD (Table 1).
.3. The Thornthwaite water balance (TWB) model
The Thornthwaite water balance (TWB) model simulates distribution of water among various components of the hydro-
ogic cycle using a monthly accounting procedure originally presented by Thornthwaite (McCabe and Markstrom, 2007).
hough the model uses a fairly simple formulation, it has been utilized as a means to examine various components of the
ydrologic cycle for decades in studies ranging from deciphering global water balances to estimating soil moisture stor-
ge to evaluating effects of climate change on the hydrologic cycle (Caballero et al., 2013; Grifﬁn et al., 2013; McCabe and
arkstrom, 2007). Furthermore, the TWB  model has been shown to provide realistic, long term estimates of streamﬂow in
able 2
he original characteristics of: area (mi2); LC/LU (%); CN (dimensionless); SMSC (mm); and contagion (%) for the 6 watersheds.
Watershed Area (mi2) LC/LU Class (%) CN SMSC (mm) Contagion (%)
Water Urban Forest Agricultural
Honey Creek 26.0 4.1 33.2 45.6 17.1 68.2 690 34.9
Olley  Creek 13.5 2.3 74.0 20.8 2.9 70.5 634 57.7
Rottenwood Creek 18.6 0.6 88.5 9.9 1.0 75.5 619 76.8
South  Fork of Peachtree Creek 27.6 0.7 79.1 19.8 0.4 72.0 626 67.0
South  River 22.5 0.8 79.9 18.4 0.9 77.9 625 68.8
Willeo  Creek 16.1 2.1 66.7 30.3 0.9 69.8 637 55.0
280 A.D. Roberts / Journal of Hydrology: Regional Studies 5 (2016) 276–292
watersheds and uses a distributed approach to simulate all components of the hydrologic cycle (Rao et al., 2014). Previous
studies have suggested LC/LU differences will affect the monthly distribution of streamﬂow (Wu  and Haith, 1993).
Other advantages of this model include that only limited meteorological data is required (Rao et al., 2014). A United
States Geological Survey (USGS) version of the TWB  model utilizing a graphical user interface (GUI) was chosen for this
study and required inputs of only the: direct runoff factor (DRF) (%); runoff factor (RF) (%); soil moisture storage capacity
(SMSC) (millimeters (mm)); latitude of location (LOL) (degrees (◦)); rain temperature threshold (RTT) (degrees Celsius (◦C));
snow temperature threshold (STT) (◦C); and maximum melt rate (MMR)  (%) (McCabe and Markstrom, 2007). Thus, selection
of this model for this study was ideal.
2.4. Curve number (CN) and contagion-adjusted CN
Although the USGS version of the TWB  incorporated overland runoff (inﬁltration excess overﬂow) via calculation of the
fraction (%) of P converted to direct runoff (DRF) (McCabe and Markstrom, 2007), a more accurate depiction of overland
(direct) runoff processes within the hydrologic cycle that can be utilized within the TWB  model would incorporate curve
numbers (CNs). Developed by the United States Department of Agriculture’s (USDA) Soil Conservation Service (SCS) (now
referred to as the Natural Resources Conservation Service (NRCS) in 1954), CNs are deﬁned as hydrologic parameters used
to describe overland (direct) runoff potential for drainage areas, as a function of variations in: LC/LU type; soil hydrologic
grouping (SHG); and antecedent soil moisture conditions (AMCs) (Halley et al., 2000). CNs are dimensionless and can range
from 30 to 100. Furthermore, CNs can be related to potential maximum retention of water within soil storage zones after
runoff begins (S) (inches (in)) and overland (direct) runoff (Q) (in), as deﬁned by Ferguson (1996) as:
S =
(
1000
CN
)
− 10 (1)
if P ≤ 0.2S, then Q = 0. If P > 0.2S, then:
Q = (P − 0.2S)
2
(P + 0.8S) (2)
This equation applies to CN II or an average AMC  (AMC II) at the onset of hydrologic analysis.
In the AMR, previous publications have indicated that due to the fact that runoff CNs vary with AMCs, AMC  II is recom-
mended for most hydrologic analysis (ARC, 2015; Gwinnett County Georgia (GCG), 2015). Thus, within the TWB  model, Q
based upon incorporation of the aforementioned CN method can be accomplished utilizing an equation simulated specif-
ically for the AMR. Utilizing daily P records over a 40 year period between January 1950 and December 1989, Ferguson
(1996) was able to estimate Q for the AMR  via CN II values ranging from 30 to 98 that explained 97.8% of the variability in
the observed runoff data. The equation was deﬁned by Ferguson (1996) as:
Q = −0.161 + (0.235P/S0.64) (3)
if Q = −0.161 + 0.235P/S0.64 < 0, then Q = 0. If Q = −0.161 + 0.235P/S0.64 ≥ 0, then Q is equal to Eq. (3). By utilizing Eq. (3) with
observed P from meteorological stations, monthly Q can be subtracted from monthly P to represent a more accurate rep-
resentation of effective P entering the soil storage zone. This equation was incorporated into this study utilizing the TWB
model with the only difference being that results were converted to mm for proper use under simulated conditions.
To calculate CN for each of the 405 HUC-12 watersheds, SHGs were downloaded in 10 m raster format from the USDA
NRCS’s Geospatial Data Gateway’s gridded Soil Survey Geographic Database (gSSURGO) for the state of GA (NRCS, 2014).
Due to several of these watersheds also containing drainage areas within the State of Alabama (AL), AL’s gSSURGO was also
downloaded in addition to GA. The SHGs ranged from A to D and were grouped as: A; A/D; B; B/D; C; C/D; and D. The A/D, B/D,
and C/D groupings were hybrid groupings and only classiﬁed as “D” if the 2011 NLCD class overlaying the SHG was  found to
be water. If the 2011 NLCD classes overlaying any of these hybrid groupings were found to be non-water (either combined
classes of urban, forest, or agriculture), then: all A/D groupings were converted into A; all B/D groupings were converted
into B; and all C/D groupings were converted into C. Additionally, “null values” located within these cells were converted
into a D soil grouping due to the fact that all of these values corresponded to water and urban areas typically indicative
of low inﬁltration and drainage and high runoff potential when overlain with the combined 2011 NLCD class data. Finally,
reclassiﬁed rasters of SHGs for GA and AL were clipped to just the AMR  and merged into one ﬁle and vectorized (raster data
converted to vector data).
Next, the 2011 NLCD raster representing the AMR  was also vectorized and dissolved to only four polygons based upon
combined groupings of: water, urban, forest, and agriculture. Utilizing the intersect function in ArcGIS 10.2, the 2011 NLCD
polygon ﬁle was combined with the SHGs polygon ﬁle to generate a land/soil ﬁle for CN calculation of each of the 405 HUC-12
watersheds. CN calculations were completed utilizing ArcGIS 10.2 and the ArcCN ArcScript (Zhan and Huang, 2004). Please
note that all CNs calculated by this method are also based upon CN II values (Zhan and Huang, 2004).To receive a watershed-wide CN indicating a single value, a composite CN must be tabulated. A composite CN is just simply
the weighted average of initial CN values based upon LC/LU and SHG (Fan et al., 2013). Utilizing the tabulate intersection
command in ArcGIS 10.2 and Microsoft Excel 2013, composite CNs for each of the 405 HUC-12 watersheds were calculated
and then tabulated (Fig. 2a).
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Fig. 2. Images showing the spatial distribution of the: (a) original composite CNs (dimensionless); (b) contagion values (%); and (c) contagion-adjusted
composite CNs (dimensionless) within the 405 HUC-12 watersheds.
c
n
b
pContagion-adjusted CNs (Fig. 2c) were then calculated for all 405 HUC-12 watersheds by simply multiplying the original
omposite CN (Fig. 2a) by the contagion value earlier tabulated for each watershed (Fig. 2b). This newly created parameter
ow allowed for current landscape conﬁguration to be evaluated within the TWB  modeling framework. As recently reported
y Zhang et al. (2013), distributed process models, such as the TWB  model, provide greater latitude in including landscape
attern within runoff evaluation, as opposed to lumped simulations.
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Table 3
The contagion-adjusted characteristics of: CN (dimensionless) and SMSC (mm)  for the 6 watersheds. CN and SMSC values were calculated by multiply
original CN and SMSC values by contagion (%) values in Table 2.
Watershed CN SMSC (mm)  Change from original CN and SMSC (%)
Honey Creek 23.8 241 −65.1
Olley Creek 40.7 366 −42.3
Rottenwood Creek 58.0 476 −23.2
South Fork of Peachtree Creek 48.3 420 −33.0
South River 53.6 430 −31.2
Willeo Creek 38.4 350 −45.0
Table 4
The NWS  stations and USGS gaging stations utilized for original CN and contagion-adjusted CN streamﬂow models for the 6 watersheds.
Watershed NWS  station USGS gaging station
Honey Creek Conyers 4.0 South, Georgia
Lithonia 3.2 Southwest, Georgia
02204130 Honey Creek at Georgia 212, near Conyers,
Georgia
Olley Creek Kennesaw 5.6 Southwest, Georgia
Mableton 1 North, Georgia
02336986 Olley Creek at Clay Road, near Austell,
Georgia
Rottenwood Creek Sandy Springs 3.2 West-Northwest, Georgia
Smyrna 2.3 Northeast, Georgia
02335910 Rottenwood Creek at Interstate North
Parkway, near Smyrna, Georgia
South  Fork of Peachtree Creek Decatur 1.2 Southeast, Georgia
North Decatur 3.0 North-Northeast, Georgia
02336240 South Fork of Peachtree Creek Johnson
Road, near Atlanta, Georgia
South  River Atlanta Hartsﬁeld International Airport, Georgia 02203655 South River at Forrest Park Road, at Atlanta,
Decatur 1.2 Southeast, Georgia Georgia
Willeo Creek Roswell 1.0 North-Northwest, Georgia
Sandy Springs 3.2 West-Northwest, Georgia
02335790 Willeo Creek at Georgia 120, near Roswell,
Georgia
2.5. HUC-12 watershed selections and model calibration
In areas adjacent to the AMR, smaller watersheds typically dominated by a smaller diversity of LC/LUs tend to have
decreased difﬁculties in relating streamﬂow to landscape, as opposed to larger watersheds with greater LC/LU diversities
(Schoonover et al., 2006). With this in mind, HUC-12 watersheds having a drainage area between 10 mi2 and 30 mi2 and no
other drainage areas contributing to streamﬂow above them were initially chosen to be evaluated. This lead to 31 potential
watersheds. However, this quantity was reduced to 6 watersheds for ﬁnal evaluation based upon each of these watersheds
having a USGS stream gage record of the 5 year (60 month) period beginning in January 2009 and ending in December 2013.
This 5 year cycle was chosen based upon the time period most closely associated with the contagion and CN values derived
from the most recently available 2011 NLCD.
The 6 watersheds (Honey Creek; Olley Creek; Rottenwood Creek; South Fork of Peachtree Creek; South River; and Willeo
Creek) were all located near the urbanized core of the AMR  (Fig. 3a) and thus, were predominantly developed with the
exception of Honey Creek (Fig. 3b) (Table 2). Drainage areas ranged from 13.5 mi2 to 27.6 mi2, whereas original (composite)
CNs ranged from 68.2 to 77.9 (Table 2). Contagion values ranged from 34.9% to 76.8% (Table 2). Composite contagion-adjusted
CNs ranged from 23.8 to 58.0 (Table 3). Locations and descriptions of USGS stream gaging sites (USGS, 2014) and National
Weather Service (NWS) meteorological stations (National Oceanic and Atmospheric Administration National Climatic Data
Center (NOAA NCDC), 2014) for each watershed are indicated in Fig. 3c and d, and Table 4. For each watershed, meteorological
stations where the two closest stations providing a representative, cross-sectional analysis of the temperature (T) in ◦C and
precipitation (P) in mm were averaged to calculate the climatic data needed to run the TWB  model on a monthly basis.
For each watershed, the runoff factor (RF) was evaluated using sensitivity-analysis. This was  accomplished to determine
closest agreement between estimated and measured streamﬂow via the quantity of monthly runoff (MRO) (%) within the
current month becoming streamﬂow and the monthly carryover (MCO) effect (%) of the remaining current month’s runoff
into the following month. Previous research assumed MRO  typically ranges from 50% to 75% (Steenhuis and Van Der Molen,
1986). However, any MRO  range is reasonable.
Soil moisture storage capacity (SMSC) for each watershed was  determined utilizing the same combined 2011 NLCD LC/LU
classes of: water, urban, forest, and agricultural and SHG data (ranging from A to D) from the USDA NRCS’s Geospatial Data
Gateway’s gSSURGO that was used to calculate original and contagion-adjusted CNs. Utilizing the 2011 NLCD LC/LU data,
SHG letter data, and typical root zone depth values described for LC/LU types and SHGs within Table 9 of the USGS publication
entitled “A modiﬁed Thornthwaite–Mather Soil–Water–Balance code for estimating groundwater recharge” (Westenbroek et al.,
2010), an average SMSC for each watershed was tabulated in Microsoft Excel and converted into mm (Table 2). Table 9
from this publication was utilized due to the fact that each LC/LU class listed was derived verbatim from the NLCD LC/LU
classiﬁcation and was also directly correlated to speciﬁc root zone depths based upon each SHG (ranging from A to D). Thus,
excellent correlation between the NLCD classes, SHG data, and estimated SMSC values could be achieved for this analysis.
Furthermore, due to CNs being based upon a combination of underlying soil storage characteristics with LC/LU, a
contagion-adjusted SMSC was also tabulated and utilized within contagion-adjusted TWB  simulations for each watershed
(Table 3). Thus, adjusted SMSCs also incorporated the landscape aggregation and disaggregation that contagion measured.
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Fig. 3. Images showing the locations of the: (a) 6 watersheds chosen for analysis within each county; (b) combined 2011 NLCD classes corresponding to
each  chosen watershed; (c) USGS gaging station corresponding to each chosen watershed; and (d) NWS  station corresponding to each chosen watershed.
For  Fig. 3b, please review the legend located within the body of Fig. 1d for an explanation of pixel coloration. For Fig. 3c: 1 = 02204130 Honey Creek at
Georgia 212, near Conyers, Georgia; 2 = 02336986 Olley Creek at Clay Road, near Austell, Georgia; 3 = 02335910 Rottenwood Creek at Interstate North
Parkway, near Smyrna, Georgia; 4 = 02336240 South Fork Peachtree Creek Johnson Road, near Atlanta, Georgia; 5 = 02203655 South River at Forrest Park
Road,  at Atlanta, Georgia; and 6 = 02335790 Willeo Creek at Georgia 120, near Roswell, Georgia. For Fig. 3d: 1 = Conyers 4.0 South, Georgia; 2 = Lithonia
3.2  Southwest, Georgia; 3 = Kennesaw 5.6 Southwest, Georgia; 4 = Mableton 1 North, Georgia; 5 = Sandy Springs 3.2 West-Northwest, Georgia; 6 = Smyrna
2.3  Northeast, Georgia; 7 = Decatur 1.2 Southeast, Georgia; 8 = North Decatur 3.0 North-Northeast, Georgia; 9 = Atlanta Hartsﬁeld International Airport,
Georgia; and 10 = Roswell 1.0 North-Northwest, Georgia.
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Table 5
Comparison of: NSE (dimensionless); NSE change of contagion-adjusted values minus original CN values (dimensionless); RSR (dimensionless); PBIAS
(mm);  AIC (dimensionless); MRO  (%); and MCO  (%) values between original CN and contagion-adjusted CN streamﬂow models for the 6 watersheds.
Model Run NSE NSE change RSR PBIAS (mm) AIC MRO (%) MCO  (%)
Original CN Honey Creek 0.632 +0.050 0.607 −26.73 7.732 39 61
Contagion-adjusted CN Honey Creek 0.682 0.564 −35.09 7.586 39 61
Original CN Olley Creek 0.653 +0.014 0.589 −19.98 8.431 64 36
Contagion-adjusted CN Olley Creek 0.667 0.577 −23.73 8.390 65 35
Original CN Rottenwood Creek 0.778 +0.036 0.471 +3.94 7.804 60 40
Contagion-adjusted CN Rottenwood Creek 0.814 0.431 +2.26 7.624 63 37
Original CN South Fork of Peachtree Creek 0.647 −0.013 0.594 −18.83 8.208 56 44
Contagion-adjusted CN South Fork of Peachtree Creek 0.634 0.605 −21.48 8.243 54 46
Original CN South River 0.595 +0.007 0.636 −11.85 7.732 29 71
Contagion-adjusted CN South River 0.602 0.631 −14.92 7.715 32 68
Original CN Willeo Creek 0.531 −0.002 0.685 −39.31 8.616 57 43
Contagion-adjusted CN Willeo Creek 0.529 0.686 −43.82 8.619 57 43
Similarly to CN, contagion-adjusted SMSCs were calculated by simply multiplying the original SMSC by the contagion value
determined for each watershed.
The nearest integer latitude of location (LOL) for each watershed was kept constant at 34◦N. In addition, for each water-
shed, rain temperature thresholds (RTTs) and snow temperature thresholds (STTs) were also kept constant at 0 ◦C and
maximum melt rates (MMRs) for snow were assumed to be 100% in any given month due to the fact that no month during
our 5 year (60 month) period had a mean T below 0 ◦C.
For each selected watershed, a TWB  model run consisted of analyzing the original CN and SMSC, as compared to contagion-
adjusted values of CN and SMSC incorporating current landscape conﬁguration, over the aforementioned 5 year (60 month)
period. Please note that for results and discussion purposes that even though both CNs and SMSCs have been modiﬁed for
the contagion-adjusted model runs, original CN and SMSC models runs will be referred to as simply “original CN”, whereas
contagion-adjusted CN and SMSC models will be referred to as simply “contagion-adjusted CN”. Thus, static initial conditions
over the 5 year (60 month period) were deﬁned by the calculated: area (mi2); contagion (%); CN II-derived composite CNs
(original and contagion-adjusted); LC/LU (%); LOL (◦); MCO  (%); MRO  (%); RTT (◦C); SMSC (mm)  (original and contagion
adjusted); and STT (◦C) for each selected watershed. Dynamic initial conditions were deﬁned as the monthly: T; P; and Q
from Eq. (3), as of January 2009, for each of the selected watershed that was evaluated over the 5 year (60 month period)
until December 2013. Prior to evaluation of each TWB  model run over the 5 year (60 month period), a 12 month calibration
phase was enacted utilizing the aforementioned static conditions with dynamic initial conditions using data derived from
January 2008 to December 2008.
2.6. Model performance metrics
Finally, for each selected watershed and TWB  model run, the Nash–Sutcliffe efﬁciency (NSE) (dimensionless), root mean
square error (RMSE)-standard deviation ratio (RSR) (dimensionless), percent bias (PBIAS) (mm),  and Akaike Information
Criteria (AIC) were chosen to compare performance between original CN watershed simulations and contagion-adjusted
CN simulations. The NSE and RSR have been utilized by numerous studies (Moriasi et al., 2007; Isik et al., 2013; Shi et al.,
2013) as the recognized criteria to assess predictive power of hydrologic models by comparing estimated values to measured
values. The NSE varies from −∞ to 1 and as it approaches 1, the estimated model and measured model are considered to
be in optimal unison (Isik et al., 2013). The RSR standardizes RMSE by utilizing the measured values standard deviation
and varies from the optimal value of 0 for perfect model simulation to larger positive values indicating poorer model
simulation performance (Moriasi et al., 2007). The PBIAS quantiﬁes the average tendency of estimated data to overpredict or
underpredict the observed data with an optimal value being 0 (Gupta et al., 1999). With PBIAS, simulation bias is predicted
by positive values indicating underestimation and negative values indicating overestimation (Gupta et al., 1999). AIC is also
commonly utilized to determine optimal model selection between competing simulations. It penalizes models that contain
too many parameters and have a propensity to overﬁt (Isik et al., 2013). Thus, a smaller AIC value between competing models
indicates a better model and evidence for its selection over other simulations (Luke, 2004).
3. Results
Of the 6 TWB  models incorporating contagion-adjusted CNs, 4 watersheds (Honey Creek; Olley Creek; Rottenwood Creek;
and the South River) out-performed their original CN watershed simulations based upon NSE and RSR analysis (Table 5).
Therefore, the other 2 watersheds (South Fork of Peachtree Creek and Willeo Creek) incorporating contagion-adjusted CNs
were outperformed by their original CN watershed simulations according to NSE and RSR criteria (Table 5). Overall, the 4
watersheds indicated a mean NSE increase of 0.027 ranging from 0.007 (South River) to 0.050 (Honey Creek), whereas the
2 watersheds indicated a mean NSE decrease of 0.007 ranging from 0.002 (Willeo Creek) to 0.014 (South Fork of Peachtree
Creek) (Table 5). The NSE values for contagion-adjusted CN models ranged from 0.529 (Willeo Creek) to 0.814 (Rottenwood
Creek), whereas NSE values for original CN models ranged from 0.531 (Willeo Creek) to 0.778 (Rottenwood Creek) (Table 5).
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Table  6
Comparison of class level, non-water landscape metrics of the AI (%) and CI (dimensionless) for 4 watersheds indicating improvement in modeled streamﬂow
after  incorporation of contagion-adjusted CN.
Watershed Combined LC/LU
class number
Combined LC/LU
class name
AI (%) CI
Honey Creek 2 Urban 82.366 0.736
Olley  Creek 91.539 0.674
Rottenwood Creek 96.406 0.688
South River 94.876 0.746
Honey Creek 3 Forest 82.826 0.684
Olley  Creek 72.306 0.650
Rottenwood Creek 71.649 0.685
South  River 79.231 0.745
Honey  Creek 4 Agricultural 73.021 0.675
Olley  Creek 62.430 0.613
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CRottenwood Creek 66.889 0.666
South  River 61.801 0.615
he RSR values for contagion-adjusted CN models ranged from 0.431 (Rottenwood Creek) to 0.686 (Willeo Creek), whereas
riginal CN models ranged from 0.471 (Rottenwood Creek) to 0.685 (Willeo Creek) (Table 5). For all 6 watersheds, PBIAS values
ndicated that contagion-adjusted CN models overestimated runoff, as compared to original CN model simulations (Table 5).
his ﬁnding was to be expected as all contagion-adjusted CN models utilized reduced SMSCs relating to the incorporation of
ontagion at the watershed-wide level (Table 3). As compared to observed data, the combined PBIAS for all 12 model runs
emonstrated a simulated average overestimation of 21 mm.  Higher runoff in the TWB  model simulations versus observed
ata are supported by differences in simulated potential evapotranspiration (PET) computed by the TWB  utilizing the Hamon
ethod, as compared to historical measurements of PET for the AMR  using the Priestley–Taylor equation. The mean PET for
he TWB  simulations was  2.38 mm/day, as opposed to a historical measured value in the AMR  of 3.20 mm/day (Suleiman
nd Hoogenboom, 2007). This 34% increase in PET partially explains the lower observed runoff overall. Please recall that
unoff in original CN watershed simulations was based upon runoff from surplus storage using original watershed-wide
verage SMSCs (mm)  (Table 2) and direct runoff in the form of Q (mm) estimated from Eq. (3) and original CNs (Table 2).
n the other hand, runoff in contagion-adjusted CN watershed models was  based upon surplus storage runoff incorporating
ontagion-adjusted SMSCs (mm)  at the watershed-wide scale (Table 3) and direct Q runoff (mm)  estimated from Eq. (3) via
ontagion-adjusted CNs (Table 3).
Similarly, to results for NSE and RSE, the 4 watersheds (Honey Creek; Olley Creek; Rottenwood Creek; and the South River)
ncorporating contagion-adjusted CNs indicated a smaller AIC value, as compared to their original CN simulations (Table 5).
n the other hand, the 2 watersheds (South Fork of Peachtree Creek and Willeo Creek) incorporating original CNs conveyed
maller AIC values, as opposed to their contagion-adjusted CN simulations (Table 5). AIC values for contagion-adjusted CN
odels ranged from 7.586 (Honey Creek) to 8.619 (Willeo Creek), whereas original CN models ranged from 7.732 (Honey
reek and the South River) to 8.616 (Willeo Creek) (Table 5).
Finally, runoff factors for original CN models resulted in MRO  values ranging from 29% with 71% of MCO  into the following
onth (the South River) to 64% with 36% of MCO into the following month (Olley Creek) (Table 5). The runoff factor for
ontagion-adjusted CN models resulted in MRO  values ranging from 32% with 68% MCO  into the following month (the South
iver) to 65% with 35% MCO  into the following month (Olley Creek) (Table 5). A comparison between measured streamﬂow,
stimated streamﬂow incorporating original CNs, and estimated streamﬂow incorporating contagion-adjusted CNs for all 6
atersheds over the 5 year (60 month) period are given in Figs. 4–9 .
It should also be noted that since both the original CN and contagion-adjusted CN models are driven by the same data,
treamﬂow predictions were similar. However, streamﬂow predictions, particularly within the ﬁrst seven months of the
imulations, between the original CN and contagion-adjusted CN models were quite variable. Based upon F-test evalua-
ion, inclusion of a new explanatory landscape conﬁgurational metric of contagion within a combined (all 6 watersheds
ver the 5 year (60 month period) for a total of 360 observations) contagion-adjusted CN model indicated a signiﬁcant (p
alue ≤ 0.10) difference from a combined (see deﬁnition above) original CN model. Thus, with the inclusion of contagion,
nitial biases found in the combined original CN model of its parameters not accounting for the entire variability observed
n the total streamﬂow record were somewhat reduced overall. Similar ﬁndings within competing water quality simula-
ions of non-point source N driven by the same data, with the exception of adding in landscape conﬁguration to increase
odel performance, were concluded by previous research in the portion of the SE US within the Chesapeake Bay watershed
Roberts, 2009).
. DiscussionAt the reclassiﬁed non-water class level (urban; forest; and agricultural), a couple of conﬁgurational metrics related
o contagion could give insight into differences found between the 4 watersheds (Honey Creek; Olley Creek; Rottenwood
reek; and the South River) incorporating contagion-adjusted CNs that performed better that their original CN simulations
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Fig. 4. Comparison between: measured streamﬂow; estimated streamﬂow incorporating the original CN; and estimated streamﬂow incorporating the
contagion-adjusted CN for Honey Creek over the 5 year (60 month) period between January 2009 and December 2013.
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contagion-adjusted CN for Olley Creek over the 5 year (60 month) period between January 2009 and December 2013.
and the 2 watersheds (South Fork of Peachtree Creek and Willeo Creek) incorporating original CNs that performed better
than their contagion-adjusted CN simulations. These related landscape conﬁguration metrics of the aggregation index (AI)
and clumpiness index (CI) both measured aspects of the same phenomena that contagion captured, but from a slightly
different perspective (Leitao et al., 2006).
The AI quantiﬁed proportional aggregation of all LC/LU types within a landscape (Leitao et al., 2006). For each LC/LU type,
the quantity of similar patch adjacencies were totaled and divided by the maximum potential value based upon the total
quantity of patches of this particular LC/LU. Next, the value was then multiplied (weighted) by proportion of the landscape
consisting of that particular LC/LU and resulting values for each LC/LU type were summed and the total value was multiplied
by 100 to create units of % (Leitao et al., 2006). The AI was similar to contagion in that all spatial pattern data for each of
the LC/LU types in the landscape was aggregated, but is dissimilar to contagion in that it only considered like adjacencies
(dispersion), whereas contagion considered like and unlike adjacencies (dispersion and interspersion) (Leitao et al., 2006).
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Fig. 6. Comparison between: measured streamﬂow; estimated streamﬂow incorporating the original CN; and estimated streamﬂow incorporating the
contagion-adjusted CN for Rottenwood Creek over the 5 year (60 month) period between January 2009 and December 2013.
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tig. 7. Comparison between: measured streamﬂow; estimated streamﬂow incorporating the original CN; and estimated streamﬂow incorporating the
ontagion-adjusted CN for the South Fork of Peachtree Creek over the 5 year (60 month) period between January 2009 and December 2013.
At the LC/LU class level, the CI compared proportion of patch adjacencies that were of the same LC/LU to proportion of
djacencies of the same LC/LU type that was expected under a spatially random distribution of LC/LU types (Leitao et al.,
006). Thus, the CI of a particular LC/LU type measured if “clumping” was  greater or lesser than what would be encountered
nder a random arrangement of this particular LC/LU type. The CI can range from −1 when the patch type was  maximally
isaggregated to 1 when the patch type was maximally clumped and gives a value of 0 for a random distribution (McGarigal,
014). Values less than 0 indicate greater dispersion than expected under a spatially random distribution, whereas values
reater than 0 indicate greater contagion. Thus, the CI provided a measure of LC/LU class-speciﬁc aggregation that effectively
solates the conﬁguration component from the area component resulting in an effective index of fragmentation of the focal
C/LU class (McGarigal, 2014). For a complete deﬁnition of the CI and AI,  it is suggested that the reader consult McGarigal
2014).
Utilizing ArcGIS 9.2 and the FragStatsBatch ArcScript, AI and CI values were calculated for each of the 6 watersheds using
he reclassiﬁed LC/LU from the 2011 NLCD (Table 1). Results were tabulated and divided into 2 categories representing the
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Fig. 8. Comparison between: measured streamﬂow; estimated streamﬂow incorporating the original CN; and estimated streamﬂow incorporating the
contagion-adjusted CN for the South River over the 5 year (60 month) period between January 2009 and December 2013.
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4 watersheds incorporating contagion-adjusted CNs that performed better that their original CN simulations (Table 6) and
the 2 watersheds incorporating original CNs that performed better than their contagion-adjusted CN simulations (Table 7).
In regards to AI,  both categories had similar ranges for urban and forest LC/LU. However, the AI for agricultural LC/LU
types returned higher values for the 4-watershed category (Table 6), as compared to the 2-watershed category (Table 7).
The AI for the 4 watersheds depicting urban LC/LU ranged from: 82.37% to 96.41%; 71.65% to 82.83% for forest LC/LU; and
61.81% to 73.02% for agricultural LC/LU (Table 6), whereas the AI for the 2 watersheds quantifying urban LC/LU ranged from
87.67% to 92.56%; 71.88% to 73.92% for forest LC/LU; and 58.94% to 60.12% for agricultural LC/LU (Table 7).
The ﬁnding of greater dispersion or disaggregation of patches in the 2-watershed category regarding the AI of agricultural
LC/LU may  be signiﬁcant. Recent research in China correlated the AI of agricultural LC/LU to lake water quality in China (Liu
et al., 2012). In that study, it was indicated that scattered patches of agricultural LC/LU leading to lower AI values may  alter
ﬂow regimes. Another recent study conducted by Fiener et al. (2011) conveyed that the spatial arrangement of hydraulic
properties resulting from disaggregated agricultural (ﬁeld) patches translated into dynamic runoff patterns at the scale of
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Table  7
Comparison of class level, non-water landscape metrics of AI (%) and CI (dimensionless) for 2 watersheds indicating non-improvement in modeled
streamﬂow after incorporation of contagion-adjusted CN.
Watershed Combined LC/LU class number Combined LC/LU class name AI (%) CI
South Fork of Peachtree Creek 2 Urban 92.561 0.643
Willeo  Creek 87.672 0.630
South  Fork of Peachtree Creek 3 Forest 71.881 0.649
Willeo  Creek 73.920 0.626
South Fork of Peachtree Creek 4 Agricultural 60.117 0.600
Willeo Creek 58.939 0.586
Table 8
Comparison of class level, non-water landscape metrics of PD (number of patches per mi2) for 4 watersheds indicating improvement in modeled streamﬂow
after  incorporation of contagion-adjusted CN.
Watershed Combined LC/LU class number Combined LC/LU
class name
PD (number of
patches per mi2)
Honey Creek 2 Urban 0.359
Olley Creek 0.074
Rottenwood Creek 0.045
South  River 0.023
Honey  Creek 3 Forest 1.379
Olley Creek 2.551
Rottenwood Creek 1.292
South  River 1.408
Honey  Creek 4 Agricultural 1.517
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Rottenwood Creek 0.128
South  River 0.256
maller watersheds (<10 km2). This same study also concluded that different agricultural patches surrounding other LC/LU
atches may  interact depending on their connectivity within watersheds and this will control water passage from one area
f the landscape to another including overland runoff response at the watershed outlet (Fiener et al., 2011). Thus, greater
andscape heterogeneity within smaller watersheds due to agricultural patch disaggregation may  lead to complex ﬂow
atterns difﬁcult to simulate within streamﬂow models. However, due to the small number of watersheds within these
ategories and the fact that agricultural LC/LU in the 2-watershed category consisted of the smallest compositions (0.4% for
outh Fork of Peachtree Creek and 0.9% for Willeo Creek) (Table 2) of this LC/LU type within all watersheds with the exception
f the South River (0.9%), much more research on this issue that includes a larger sample size should be undertaken before
onclusive statements are made.
In stark contrast to the AI,  the CI values for urban, forest, and agricultural LC/LU were all higher for the 4-watershed
ategory (Table 6), as opposed to the 2-watershed category (Table 7). The only LC/LU class where ranges were close to over-
apping was forest where the lowest CI value for the 4-watershed category was 0.650 (Olley Creek) and the highest CI value
or the 2-watershed category was 0.649 (South Fork of Peachtree Creek). The CI values for the 4-watersheds representing
rban LC/LU ranged from: 0.674 to 0.746; 0.650 to 0.745 for forest LC/LU; and 0.613 to 0.675 for agricultural LC/LU (Table 6),
s compared to CI values for the 2-watersheds measuring urban LC/LU ranging from 0.630 to 0.643; 0.626 to 0.649 for forest
C/LU; and 0.586 to 0.600 for agricultural LC/LU (Table 7).
These ﬁndings point towards a greater overall disaggregation and landscape dispersion for all non-water LC/LU patches
ithin the 2-watershed category, as opposed to the 4-watershed category. Within SE US watersheds representing the Birm-
ngham, AL region, McMahon et al. (2003) concluded that with greater dispersion of urban patches, greater durations of
igh ﬂow conditions were witnessed and stream ﬂashiness decreased overall. Additionally, in the study conducted by Fiener
t al. (2011), increased disaggregation within agricultural patches was found to mostly reduce surface runoff generation
rom these patches. However, increased runoff to streams may  occur if connectivity of high-ﬂow paths was increased, such
s along ditches adjacent to ﬁeld borders (Fiener et al. (2011). Another recent study conducted by Zhang et al. (2013) also
oncluded that landscape disaggregation may  impact runoff by either accelerating or decelerating its speed in China. In fact,
hese authors found at different scales greater dispersion of forested patches has no negative or positive impacts on runoff
niformly, however, the level of disaggregation of these patches is the greatest driver of runoff (Zhang et al., 2013). Thus,
s was with the initial ﬁnding of agricultural LC/LU and AI,  greater landscape heterogeneity driven by higher dispersal of
on-water, class-speciﬁc patches may  lead to complex ﬂow patterns not easily estimated within streamﬂow simulations.
Finally, in an effort to decipher if patch abundance was inﬂuencing class level outcomes for AI and CI between categories,
he landscape conﬁguration metric of patch density (PD) was also calculated. The PD normalized the number of patches for
ach particular LC/LU by dividing by the size of the landscape and can reveal import aspects of landscape pattern, including
ragmentation. PD was calculated in units of patch number per 100 ha. However, for this study and to keep in step with the
nits given for watershed area (mi2), values were converted to patch number per mi2. For a complete deﬁnition of the PD,
t is again suggested the reader consult McGarigal (2014).
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Table 9
Comparison of class level, non-water landscape metrics of PD (number of patches per mi2) for 2 watersheds indicating non-improvement in modeled
streamﬂow after incorporation of contagion-adjusted CN.
Watershed Combined LC/LU class number Combined LC/LU class name PD (number of patches per mi2)
South Fork of Peachtree Creek 2 Urban 0.055
Willeo Creek 0.107
South Fork of Peachtree Creek 3 Forest 2.342
Willeo Creek 2.505
South Fork of Peachtree Creek 4 Agricultural 0.105
Willeo Creek 0.268
As with other landscape metrics, ArcGIS 9.2 and the FragStatsBatch ArcScript were utilized to calculate PD values for each
of the 6 watersheds using the reclassiﬁed LC/LU from the 2011 NLCD (Table 1). Results were once again tabulated and both
categories were found to exhibit similar ranges for all non-water (urban, forest, and agricultural) LC/LUs. The PD values for
the 4-watersheds representing urban LC/LU ranged from: 0.023 to 0.359; 1.408 to 2.551 for forest LC/LU; and 0.256 to 1.517
for agricultural LC/LU (Table 8), as compared to PD values for the 2-watersheds quantifying urban LC/LU ranging from 0.055
to 0.107; 2.342 to 2505 for forest LC/LU; and 0.105 to 0.268 for agricultural LC/LU (Table 9). Thus, the lack of PD differences
between the categories was not believed to be a signiﬁcant inﬂuence on streamﬂow simulation, as opposed to variations in
the level of dispersion of non-water, class-speciﬁc LC/LU patches at the watershed-wide scale.
5. Conclusions
This study investigated effects of current landscape conﬁguration on streamﬂow within selected small watersheds of
the AMR. Incorporation of current landscape conﬁguration within streamﬂow simulations could improve comprehension
of extreme hydrologic events, such as ﬂooding and droughts, and may  assist in future development of BMPs for not only
forecasting these events, but LC/LU policies implemented at the watershed-wide scale.
To determine the effects of current landscape arrangement on watershed-wide (HUC-12) LC/LU, the landscape conﬁgu-
rational metric of contagion was chosen. Contagion has previously been shown to be a signiﬁcant indicator of downstream
runoff at the watershed-wide scale in the northeastern (NE) US (Leitao et al., 2006) and quantiﬁed the degree to which
LC/LU types were clumped, as opposed to being dispersed into many smaller fragments (patches) at the landscape (HUC-12)
level. Contagion was calculated utilizing the most recently available LC/LU data for the AMR  (the 2011 NLCD reclassiﬁed into
4 distinct classes of: water, urban, forest, and agricultural). Contagion-adjusted CNs were then calculated for each of 405
HUC-12 watersheds located within the AMR  by simply multiplying the composite (watershed-wide) CN by the contagion
value calculated for each watershed. The CN is a hydrologic parameter describing overland (direct) runoff potential for a
drainage area, as a function of variations in: LC/LU type; SHG; and AMC  and was proposed here to be modiﬁed by landscape
conﬁguration for analysis and comparison.
Of the 405 HUC-12 watersheds, 6 small watersheds with drainage areas between 10 mi2 and 30 mi2 and no other drainage
areas contributing to streamﬂow above them were chosen for TWB  model evaluation. This was  based upon each of these
watersheds having a USGS stream gage record of the 5 year (60 month) period beginning in January 2009 and ending
in December 2013 most closely associated with the contagion and CN values derived from the 2011 NLCD. Due to CNs
being a combination of underlying soil storage characteristics with LC/LU, a contagion-adjusted SMSC was also tabulated
and utilized within contagion-adjusted TWB  simulations for each watershed. This adjusted SMSC also incorporated the
landscape aggregation and disaggregation that contagion measured. Contagion-adjusted SMSCs were also calculated by
simply multiplying the original SMSC by the contagion value determined for each selected watershed. Thus, a TWB  model
run consisted of analyzing the original CN and SMSC, as compared to contagion-adjusted values of CN and SMSC incorporating
current landscape conﬁguration, over the aforementioned 5 year (60 month) period.
Of the 6 TWB  models that incorporating contagion-adjusted CNs, 4 watersheds out-performed their original CN watershed
simulations based upon NSE, RSR, and AIC analysis. Overall, the 4 watersheds indicated a mean NSE increase of 0.027, whereas
the 2 watersheds indicated a mean NSE decrease of 0.007. At the reclassiﬁed non-water class level (urban; forest; and
agricultural), conﬁgurational metrics related to contagion of the AI and CI indicated possible reasons to explain the differences
found between the 4-watershed and the 2-watershed categories. The AI which quantiﬁed the proportional aggregation of
all LC/LU types within a landscape indicated greater dispersion or disaggregation of patches in the 2-watershed category
regarding the AI of agricultural LC/LU. Greater landscape heterogeneity within smaller watersheds due to agricultural patch
disaggregation may  lead to complex ﬂow patterns difﬁcult to simulate within streamﬂow models. The CI of a particular
LC/LU type measured if “clumping” was greater or lesser than what would be encountered under a random arrangement of
this particular LC/LU type and suggested greater overall disaggregation and landscape dispersion for all non-water LC/LU
patches within the 2-watershed category. Thus, as was  with the initial ﬁnding of agricultural LC/LU and AI,  greater landscape
heterogeneity driven by higher dispersal of non-water, class-speciﬁc patches may  lead to complex ﬂow patterns not easily
estimated within streamﬂow simulations.
Furthermore, in an effort to decipher if patch abundance was inﬂuencing class level outcomes for AI and CI between
categories, the landscape conﬁguration metric of PD was  also calculated. The PD normalized the number of patches for
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ach particular LC/LU by dividing by the size of the landscape and can reveal import aspects of landscape pattern, including
ragmentation. Results indicated that both categories were found to exhibit similar ranges for all LC/LUs. Thus, the lack of
D differences between the categories was not believed to be a signiﬁcant inﬂuence on streamﬂow simulation as opposed
o variations in the level of dispersion of non-water, class-speciﬁc LC/LU patches at the watershed-wide scale.
However, due to the small number of watersheds within these categories, much more research on these suggested ﬁnding
hat includes a larger sample size should be undertaken before conclusive statements are made. This is possible due to the
ast number of USGS stream gages (9,323 as of 2011) (USGS, 2015) quantifying streamﬂow from catchments at the HUC-12
evel all the way up to the HUC-2 or regional scale nationally. This is also important because according to Song et al., (2012),
ecognizing the relationship between LC/LU, landscape conﬁguration, and ﬂuctuations in hydrologic conditions are of great
igniﬁcance for an in depth understanding of the complexity of eco-hydrological response at regional scales. Thus, other
uestions for this research to decipher within future studies are also recommended and include: (1) determining if these
andscape conﬁgurational effects on streamﬂow simulation ﬁndings could be replicated in larger, nested watersheds and
ithin other streamﬂow models and what are their effects further downstream; (2) determining the potential inﬂuences
f these landscape conﬁgurational effects on streamﬂow simulation ﬁndings within scenarios of projected LC/LU into the
uture; (3) determining if these landscape conﬁgurational effects on streamﬂow simulation ﬁndings could be replicated if
ner LC/LU classes, such as the original 2011 NLCD is utilized, as opposed to reclassiﬁed LC/LU classes; and (4) determining
f these landscape conﬁgurational effects on streamﬂow simulation ﬁndings could be replicated with LC/LU and SHG data
aptured at varying resolution, such as 100 m or 60 m,  as opposed to the 30 m LC/LU data and 10 m SHG data utilized within
his study. In conclusion, although the relationship between landscape conﬁguration and streamﬂow at the watershed-wide
cale is still not fully quantiﬁed, it is hoped that this study and recommendations just outlined above will aid in future
omprehension and directions for this critical research area.
ppendix A. Supplementary data
Supplementary data associated with this article can be found, in the online version, at
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